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Abstract The concept of isohydry/anisohydry describes the degree to which plants regulate their
water status, operating from isohydric with strict regulation to anisohydric with less regulation. Though
some species level measures of isohydry/anisohydry exist at a few locations, ecosystem-scale information
is still largely unavailable. In this study, we use diurnal observations from active (Ku-Band backscatter
from QuikSCAT) and passive (X-band vegetation optical depth (VOD) from Advanced Microwave Scanning
Radiometer on EOS Aqua) microwave satellite data to estimate global ecosystem isohydry/anisohydry.
Here diurnal observations from both satellites approximate predawn and midday plant canopy water
contents, which are used to estimate isohydry/anisohydry. The two independent estimates from radar
backscatter and VOD show reasonable agreement at low and middle latitudes but diverge at high latitudes.
Grasslands, croplands, wetlands, and open shrublands are more anisohydric, whereas evergreen broadleaf
and deciduous broadleaf forests are more isohydric. The direct validation with upscaled in situ species
isohydry/anisohydry estimates indicates that the VOD-based estimates have much better agreement
than the backscatter-based estimates. The indirect validation with prior knowledge suggests that both
estimates are generally consistent in that vegetation water status of anisohydric ecosystems more closely
tracks environmental fluctuations of water availability and demand than their isohydric counterparts.
However, uncertainties still exist in the isohydry/anisohydry estimate, primarily arising from the remote
sensing data and, to a lesser extent, from the methodology. The comprehensive assessment in this
study can help us better understand the robustness, limitation, and uncertainties of the satellite-derived
isohydry/anisohydry estimates. The ecosystem isohydry/anisohydry has the potential to reveal new insights
into spatiotemporal ecosystem response to droughts.
1. Introduction
Plants have evolved to develop a range of ecophysiological strategies to withstand drought (Akıncı & Lösel,
2012; Farooq et al., 2012; Matheny et al., 2016). Among others, stomatal closure is a central physiological
strategy by which plants limit their transpirational water loss in order to avoid hydraulic failure at short
timescales (Martínez-Vilalta & Garcia-Forner, 2016). The stringency of stomatal control differs among species
and under various environmental conditions (Ball et al., 1987; Konings & Gentine, 2017; Martínez-Vilalta et al.,
2014; Wong et al., 1979), and covaries with other plant hydraulic traits such as rooting depth (Martínez-Vilalta
& Garcia-Forner, 2016; Matheny et al., 2016). The resulting varying levels of regulation of plant water status
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behavior (Garcia-Forner et al., 2015; Landsberg & Waring, 2016; Martínez-Vilalta & Garcia-Forner, 2016;
Martínez-Vilalta et al., 2014; McDowell et al., 2008; Meinzer et al., 2016; Tardieu & Simonneau, 1998). Broadly
speaking, isohydric plants can maintain a relatively stable midday leaf water potential as environmental con-
ditions (e.g., atmospheric water demand and soil water content) change, thereby dampening the diurnal
and seasonal variations in leaf water potential (Martínez-Vilalta & Garcia-Forner, 2016; Meinzer et al., 2016).
By contrast, anisohydric plants allow their leaf water potentials to closely track the fluctuations of environ-
mental water availability and demand and thus exhibit greater diurnal and seasonal variations. The range of
behavior from isohydric to anisohydric is closely linked to stomatal responses to water deficits (Sperry et al.,
2016) and has important implications for understanding plant response to different drought conditions
(Konings, Williams, et al., 2017; Roman et al., 2015).
Modeling water-vegetation interactions still presents a major challenge, particularly plants’ responses to
drought (McDowell et al., 2013). This is largely due to our knowledge gap in understanding these complex
plant physiological behaviors at multiple scales (Fatichi et al., 2015; Landsberg & Waring, 2016). In current
process-based terrestrial biosphere models, most representations of hydraulic processes are still simplistic
and empirically based (Fatichi et al., 2015), limiting their ability to capture and predict plant responses to
water stress as well as their feedbacks to climate (Xu et al., 2013). There has been increasing recognition of
the need for incorporating plant hydraulic processes into mechanistic models to improve the representation
of fundamental aspects such as plant water stress and recovery, drought sensitivity, and ultimately mortality
(Anderegg et al., 2016; Bonan et al., 2014; Fatichi et al., 2015; Konings, Williams, et al., 2017; Xu et al., 2016).
Understanding the role of isohydry/anisohydry, which is an integrated consequence of stomatal control,
hydraulic traits, and their interactions with the environment, could provide new insights to help improve the
modeling of key (physiological) processes related to plant water regulation.
Contemporary understanding of isohydry/anisohydry and attempts to quantify it primarily come from studies
conducted at the plant or species levels (Klein, 2014; Martínez-Vilalta et al., 2014; Tardieu & Simonneau, 1998),
whereas much less is known about the variation of isohydry/anisohydry at ecosystem to global scales. At the
ecosystem scale, multiple species representing a range of isohydry to anisohydry coexist, but large-scale
gradients (e.g., regional or global scales) in the overall ecosystem behavior may still occur. Ecosystem level
isohydry/anisohydry information is more relevant to Earth system modeling (e.g., for model benchmarking
and parameterization) than species level information, but it is not possible to obtain isohydry/anisohydry
estimates at these large scales using traditional plant physiological methods. Spaceborne microwave remote
sensing offers a unique opportunity. Both active and passive microwave remote sensing data are sensitive to
vegetation water status, allowing them to be potentially useful for estimating ecosystem isohydry/anisohydry.
Their sensitivities and ability to capture vegetation water status depend on operating frequency, overpass
times, and physical properties of the land surface (Jones et al., 2011; Konings, Yu, et al., 2017; van Emmerik
et al., 2015). Existing spaceborne records of both active and passive microwave have different characteristics
on this front (Paget et al., 2016; Podest et al., 2014; Steele-Dunne et al., 2017). Recently, Konings and Gentine
(2017) adapted the isohydry/anisohydry metric proposed by Martínez-Vilalta et al. (2014) to work with pas-
sive microwave satellite data from Advanced Microwave Scanning Radiometer on EOS Aqua (AMSR-E) and
successfully produced the first global ecosystem-scale isohydry/anisohydry estimates. However, the reliability
of such estimate from a single satellite record is uncertain due to potential sensor biases and retrieval errors.
The degree to which these errors and varying sensitivities of microwave observation to vegetation water
status affect the isohydry/anisohydry metric is unknown. Furthermore, a direct validation with in situ mea-
surements is lacking.
This study improves upon recent work (Konings & Gentine, 2017) by addressing the aforementioned issues.
First, we utilize both active and passive (with different retrieval algorithms) microwave satellite remote sensing
data to provide new independent global isohydry/anisohydry estimates. Second, we validate these satellite-
derived isohydry/anisohydry estimates through a cross comparison between them and a direct compari-
son with upscaled in situ species level estimates. Third, we perform an indirect validation by examining
whether the observed response of plant water status to environmental fluctuations follows the expected
theoretical pattern of isohydry/anisohydry. The overall aim of this study is to promote better understanding of
satellite-derived ecosystem isohydry/anisohydry estimates and the robustness, limitations, and uncertainties
of these estimates, their potential applications, and paths forward.
LI ET AL. ESTIMATE GLOBAL ECOSYSTEM ISOHYDRY/ANISOHYDRY 3307
Journal of Geophysical Research: Biogeosciences 10.1002/2017JG003958
2. Data and Methods
2.1. Estimating Isohydry/Anisohydry From Microwave Satellite Data
Martínez-Vilalta et al. (2014) proposed a way to quantify the degree of plant isohydry/anisohydry using the
slope of a linear regression fitted to the trajectory of the relationship between leaf and soil water potentials
during a period of soil drying (equation (1)).
ΨL = 𝛽⋅ΨS + Λ (1)
Here ΨL and ΨS are leaf and soil water potentials, respectively. In practice, midday (Ψmidday) and predawn
(Ψpredawn) leaf water potentials can be used as proxies ofΨL andΨS by assuming plant and soil water potentials
equilibrate (ΨL ≈ΨS) overnight when rehydration is complete. The slope 𝛽 from equation (1) is an indicator
for isohydry/anisohydry that usually varies from 0 to 1, though values less than 0 or greater than 1 occur
occasionally. Zero represents strict isohydry and > 1 represents strict anisohydry. The intercept term Λ mea-
sures the (maximum) transpiration rate per unit of water transport capacity or, equivalently, the leaf water
potential at ΨS ≈0.
This method has been adapted by Konings and Gentine (2017) to work with remote sensing-based vegeta-
tion optical depth (VOD) data and to estimate isohydry/anisohydry at the ecosystem level during the growing
season. The VOD retrieval from satellite passive microwave remote sensing defines the level of absorption and
scattering of natural microwave emissions from the land surface by overlying vegetation. The VOD is sensi-
tive to variations in vegetation biomass water content, while the effective range and penetration depth into
vegetation depends on microwave wavelength (Jones et al., 2011). This adaptation of VOD for estimating
isohydry/anisohydry is made possible by adopting a linear approximation of the relationship between leaf
water potential and vegetation water content (proportional to VOD), which is a reasonable assumption and
expected to incur only minimal relative error (see more details about this assumption in supporting informa-
tion of Konings and Gentine (2017)). Note that vegetation water content here in the context of microwave
remote sensing is defined as the mass of water per ground area which is different to the more physiological
definitions (e.g., mass of water per mass of tissue or mass of water per unit of maximum water-holding capacity
of the tissue). Therefore, equation (1) can be rewritten as equation (2) by replacing midday (ΨL) and predawn
(ΨS) water potentials by midday VOD (1:30 p.m.) VODmidday and midnight (1:30 a.m.) VODmidnight, respectively.
VODmidday = 𝛽⋅VODmidnight + ΛVOD (2)
Here we used the X-band (10.7 GHz) daily composite VOD data from Advanced Microwave Scanning Radiome-
ter on EOS Aqua (AMSR-E) (Du et al., 2017) (http://ntsg.umt.edu/project/amsrelp#data-product), produced by
the University of Montana (UMT) algorithm (Jones et al., 2011), for the period of 2002–2012, at a spatial res-
olution of 25 km. Compared to L-band VOD such as SMOS (Fernandez-Moran et al., 2017) or SMAP (Konings
et al., 2016; Konings, Piles, et al., 2017), the X-band VOD from higher frequency is relatively more sensitive to
leaves rather than stems and is more suitable for representing vegetation water status. Alternative algorithms
exist for retrieving VOD such as the Land Parameter Retrieval Model (LPRM) (Meesters et al., 2005; Owe et al.,
2008), which was the data set used in Konings and Gentine (2017). One major difference between the UMT
and LPRM algorithms is the treatment of open surface water, which can influence the VOD retrievals. Isohydry/
anisohydry estimates based on the two VOD data sets with different algorithms are compared and discussed
in the section 3. To simplify terminology, if not specified, either “AMSR-E VOD” or “VOD-based estimate”
throughout the paper refers to the isohydry/anisohydry estimated using the UMT VOD data. While the esti-
mate from LPRM VOD data (the same data set used by Konings & Gentine, 2017) is referred to as “LPRM VOD”
for comparison purpose which appears in Figure 2.
The backscatter coefficient (referred to here as 𝜎0) from satellite radar scatterometry is another indepen-
dent and remotely sensed measurement. Similar to VOD, 𝜎0 exhibits wavelength-dependent sensitivity.
While longer wavelength backscatter measurements carry more information about the whole canopy due to
stronger radar penetration ability (Konings, Yu, et al., 2017), short wavelength backscatter retrievals tend to
be more sensitive to vegetation water content variations of the upper canopy layer (Kim et al., 2012; Konings,
Yu, et al., 2017; van Emmerik et al., 2015; van Emmerik, Steele-Dunne, Judge, et al., 2017) and associated
derivatives, including vegetation biomass (Frolking et al., 2005; Guan et al., 2012), water stress (Steele-Dunne
et al., 2012; van Emmerik et al., 2015; van Emmerik, Steele-Dunne, Paget, et al., 2017), and phenology (Frolking
et al., 2006; Guan et al., 2014). Unlike VOD, the radar backscatter coefficient is more sensitive to vegetation
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canopy orientation, structure, and incidence angle, which we assume exhibit negligible diurnal variations
between morning and afternoon overpasses at the scale of the satellite retrieval due to its coarse spatial
resolution. By assuming a linear relationship between 𝜎0 and vegetation water content (Kim et al., 2012; van
Emmerik et al., 2015), equation (2) can be rewritten as equation (3) to work with backscatter data. Note that
𝜎0 and vegetation water content has a relationship close to linear over the range of backscatter, but the 𝜎0
response can exhibit saturation at high vegetation water content, as shown in van Emmerik et al. (2015).
This could lead to some errors but expected to be relatively small.
𝜎0afternoon = 𝛽⋅𝜎
0
morning + Λ𝜎0 (3)
Here we used global (daily or 4 day composite depending on region) Ku-band (13.4 GHz) satellite radar
backscatter data from QuikSCAT, extending from 1999 to 2009 and including both V and H polarizations
processed, at an enhanced spatial resolution of 5 km (available at http://www.scp.byu.edu) (Long & Hicks,
2010). The Ku-Band radar backscatter signal is more suitable than longer microwave wavelength data for many
vegetation applications because of its greater sensitivity to the upper canopy layer (Waring et al., 1995).
The QuikSCAT morning (6 a.m., ascending mode) and afternoon overpass (6 p.m. descending mode) data
are used as a proxy for respective predawn and midday conditions, though the 6 p.m. sampling is not ideal
because midday water potentials may be more negative than observed later in the day, causing potential
isohydry/anisohydry underestimation (i.e., isohydric bias). Similarly, the midnight overpass time of AMSR-E
VOD at 1:30 a.m., which is used to represent predawn condition, can lead to potential isohydry/anisohydry
overestimation (i.e., anisohydric bias) due to the incomplete equilibration at midnight relative to predawn
conditions. The influence of overpass time was further investigated by comparing the isohydry/anisohydry
estimates between QuikSCAT and another satellite backscatter from OSCAT (2009–2013, http://www.scp.byu.
edu/data/OSCAT/SIR/OSCAT_sir.html), which has the same Ku-Band operating frequency as QuikSCAT but a
different overpass time of 12:00 a.m./p.m. instead of 6 a.m./p.m. (see section 4).
Before estimating isohydry/anisohydry, 𝜎0 and VOD data on rainy days (i.e., days with nonzero precipitation)
were filtered using daily Global Precipitation Climatology Project precipitation (1∘) data (ftp://meso.gsfc.nasa.
gov/pub/1dd-v1.2/). This filtering helps avoid the influence of rainfall intercepted water in the canopy layers
on canopy water content and the atmospheric impact on the 𝜎0/VOD measurements. Due to the frequent
gaps in the daily data and its regionally uneven availability, we averaged all available values with outliers
removed to obtain half-monthly values for both 𝜎0 and VOD. In addition, we used a long-term climatology
of 16 day Moderate Resolution Imaging Spectroradiometer (MODIS) Enhanced Vegetation Index (EVI) data
at 0.05∘ (MOD13C1) to define a vegetated season for each grid cell, calculated as the period when EVI is
greater than 0.3 (Figure S1 in the supporting information). This threshold was chosen to balance spatial cov-
erage and allowing for a sufficiently high remaining number of samples. Constraining our analysis within this
vegetated season ensures that the land surface is covered by vegetation with minimal bare soil influence
expected on 𝜎0. In regions where soil freezes during part of the year, this threshold also corresponds to the
nonfrozen season so that the effects of freezing and seasonal snow cover on the microwave observations are
diminished. The resulting diurnal half-monthly time series of 𝜎0 and VOD during the vegetated season are
used to estimate isohydry/anisohydry for each pixel at the native spatial resolutions, following equations (3)
and (2). When needed, the median resampling method was used to upscale the results from their native spa-
tial resolution to coarser resolution. In this paper we mainly focus on the slope of the regression (i.e., 𝛽 , the
isohydry/anisohydry indicator), while the intercept term Λ (which is given by the regression outputs) is not
discussed. This is because the original physical meaning of Λ based on water potential may no longer hold
when microwave satellite observations are used instead (i.e., theΛ in equations (2) and (3)), andΛ is shown to
be highly correlated with the estimated slope (Martínez-Vilalta et al., 2014). Since the two polarizations (H and
V) of QuikSCAT show similar results though their sensitivities to vegetation could differ (van Emmerik et al.,
2015), we only report V-polarization 𝜎0 results in the main text while the H-polarization results are provided
in the supporting information.
2.2. Direct Validation With Upscaled In Situ Estimates
The work of Martínez-Vilalta et al. (2014) included isohydry/anisohydry estimates for 102 species using
equation (1). Species were classified into four plant functional types (PFTs) based on their growth form and
phylogeny: conifer, broadleaf, shrub, and herb, using information reported in the literature. Here we used plant
species occurrence information from the Global Biodiversity Information Facility (GBIF) and grid area fraction
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from MODIS land cover data to upscale the in situ measurements (see workflow in Figure S2). The Global
Biodiversity Information Facility is an international open data infrastructure that provides data access to
evidence about more than 1.6 million species around the world, collected over three centuries of natural
history exploration and including current observations from citizen scientists, researchers, and automated
monitoring programmes. The upscaling enables a more direct comparison between satellite-based and in
situ isohydry/anisohydry estimates. First, we extracted occurrence records for each species after the year
1990 from the large GBIF database (http://www.gbif.org/occurrence/search?TAXON_KEY=6, retrieved on
17/01/2017) and aggregated the occurrence of each species (total number) to a 1∘ grid cell based on geolo-
cation information. Second, the 13 IGBP MODIS land cover types were combined into 7 PFT groups at 1∘
spatial resolution to obtain their areal fraction (Table S1). The seven PFT types are composed of either conifer,
broadleaf, shrub, and herb or their combinations. The estimate value at each grid cell can be derived based
on the grid level species occurrence frequency and fractional area of each PFT group from steps 1 and 2.
We first calculated the species-frequency-weighted mean estimate value for each PFT group on a per-grid cell
basis, and the PFT-area-weighted mean estimate value (by the fractional area of each PFT group) gives the
final grid cell level estimates.
2.3. Indirect Validation With Vegetation Water Response to Environmental Fluctuations
An indirect method of validation is to check whether the observed vegetation water response to environmen-
tal fluctuations is consistent with what is expected from its estimated isohydry/anisohydry. The underlying
theory is that isohydric species maintain relatively stable midday water potential as environmental condi-
tions change (largely as a result of their strict stomata control), whereas midday water potential in anisohydric
species more closely tracks environmental fluctuations (e.g., atmospheric water demand and soil water
content) (Martínez-Vilalta et al., 2014). Therefore, one would expect that a greater fraction of the variation
of daytime 𝜎0/VOD signals (which are representative of midday water potential) could be explained by the
environmental fluctuation of water availability and demand in anisohydric ecosystems than in isohydric
ecosystems.
To test above hypothesis, we used air temperature, vapor pressure deficit, and precipitation from the Climate
Research Unit and shortwave radiation from the Clouds and the Earth’s Radiant Energy System for the
same period as the satellite 𝜎0/VOD records to represent environmental conditions of water availability and
demand. Since these variables are highly correlated with each other, we performed a principal component
analysis (PCA) and extracted the first two leading components. These two components can explain more than
90% of total variance in most parts of the world and ∼ 80% in tropical regions (Figure S3). We then calculated
the R2 between monthly time series of daytime 𝜎0 (and VOD) and the two leading PCA terms, which represent
how much variation of 𝜎0 (and VOD) can be explained by environmental conditions.
3. Results
Figure 1 shows ecosystem isohydry/anisohydry estimated from QuikSCAT 𝜎0 and AMSR-E VOD at the global
scale. The two data sets exhibit overall similarity with each other and also contain noticeable spatial mismatch.
Estimated isohydry/anisohydry for most ecosystems lies in the range between extremely isohydric (𝛽=0)
and anisohydric (𝛽 >1), but some negative values occur, especially for the 𝜎0-based estimate. Highly isohydric
ecosystems can be found in wet tropical regions (Amazon, Africa, and Asia), indicated by a very low 𝛽 value
from both data sets. These regions generally correspond to tropical forests (particularly for𝜎0-based estimate)
which are known to be isohydric (Fisher et al., 2006; Konings & Gentine, 2017), and both microwave satellite
sensors mostly observe upper canopy information overlying this dense, multilayer vegetation. Other ecosys-
tems that show relatively isohydric behaviors in both data sets are located in the southeast U.S., west and
central Europe, and the majority of Eurasia. Highly anisohydric ecosystems can be seen in northern India and
the North China Plain where arid land and croplands are abundant and also in Scandinavia with widespread
alpine coniferous forest cover. Despite the global similarity, 𝜎0- and VOD-based isohydry/anisohydry esti-
mates also show some differences at local and regional scales. For example, for some areas in South America
and southern Africa, the high 𝛽 observed in the VOD-based estimate is not seen in the 𝜎0 results. In the
northern high latitudes (i.e., north of 45∘N) of Siberia, 𝛽 estimated from VOD is generally lower than the 𝜎0
results. In Scandinavia, the sharp contrast between northern (isohydric) and southern (anisohydric) parts of
the peninsula in the 𝜎0 results does not appear in the VOD-based estimation.
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Figure 1. Global isohydry/anisohydry estimates from (a) QuikSCAT V-polarization 𝜎0 (0.05∘) and (b) AMSR-E VOD
(UMT, 0.25∘). Insets show the distribution of the estimates. The indicator of isohydry/anisohydry is the slope (𝛽) of
the regression in equation (1) or equation (2). Slope values near 0 indicate extreme isohydric behavior, and values >1
indicate extreme anisohydric behavior. The differences between the two estimates and their confidence interval range
are provided in Figure S5, and a similar figure for QuikSCAT H-polarization 𝜎0-based estimate is provided as Figure S4.
To evaluate the spatial consistency of the different isohydry/anisohydry estimates quantitatively, we com-
puted the spatial correlation between each pair of estimates from four data sets including QuikSCAT V- and
H-polarization 𝜎0, AMSR-E VOD of this study (UMT VOD), and LPRM VOD reprocessed with the method of this
study. At the global scale (Figure 2a), the two𝜎0-based estimations from H and V polarizations have the highest
correlation with each other (r=0.92), while both estimates have much lower correlations with the UMT VOD-
based estimates in this study (r: 0.30–0.34) and slightly higher correlation with the LPRM VOD-based estima-
tion (r: 0.47–0.49).
The isohydry/anisohydry estimates from the different data sets agree relatively well with each other in low-
and middle-latitude areas but diverge at higher latitudes. The spatial correlations calculated in middle and
low latitudes are much higher (r > 0.50; Figure 2c) compared to those in the northern high latitudes (r<0.27
excluding QuikSCAT 𝜎0; Figure 2b). The low agreement of isohydry/anisohydry estimates in the northern high
latitudes (north of 45∘N) can be traced back to the higher uncertainties in the slope estimation 𝛽 in this region,
as indicated by the relatively greater range of the confidence interval (95% t test) for both 𝜎0- and VOD-based
estimates (Figure S5). In particular, the LPRM VOD-based estimation, despite its good agreement in low and
middle latitudes, shows a quite different pattern in high latitudes, with an overall higher slope 𝛽 (Figure S6),
resulting in very low correlations (Figure 2b) not only with 𝜎0- (r < 0.10) but also with the UMT VOD-based
estimation (r=0.19). This discrepancy between the two VOD-based estimates at high latitudes is likely caused
by the differences of the VOD retrieval algorithms over wetter areas. Compared to the UMT algorithm, the
LPRM algorithm does not account for the influence of open water variability on the VOD retrieval, and open
water is commonly seen at the northern high latitudes (Pekel et al., 2016). It is worth noting that though the
UMT algorithm accounts for the surface open water fraction in the VOD retrieval (Jones et al., 2011, 2016), the
VOD results may still be affected by the residual contamination. The 𝜎0 signals are also sensitive to open water
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Figure 2. Spatial correlations of isohydry/anisohydry estimates between different data sets in (a) global, (b) north of 45∘N, and (c) south of 45∘N. Four data sets
included are QuikSCAT H- and V-polarizatoin 𝜎0 and AMSR-E VOD from two sources: UMT VOD and LPRM VOD. The LPRM VOD isohydry/anisohydry map is
provided in Figure S6. The Pearson correlation between data set is calculated at 1∘ resolution. The region north of 45∘N is referred to as northern high latitude.
It also corresponds to the area where isohydry/anisohydry estimates between QuikSCAT and AMSR-E have larger differences.
(Kimball et al., 2004), as water lowers the 𝜎0 value. However, correcting the effect of open water bodies on 𝜎0
is not straightforward, as the effect is also dependent on surface roughness which is affected by local winds
(Ulaby & Long, 2014). The QuikSCAT 𝜎0 data were produced from higher spatial resolution images which can
help to alleviate contamination from small water bodies, because permanent surface water has been filtered
by applying the EVI threshold at the native resolution of the data.
Figure 3 compares QuikSCAT V-polarization 𝜎0-based and AMSR-E VOD-based (from the UMT algorithm)
isohydry/anisohydry estimates for the major MODIS IGBP land cover types. Note that only 12 out of 13 land
cover types are shown in Figure 3 because there were too few samples for closed shrublands at the 1∘ res-
olution considered here. Positive correlations are observed for all land cover types except for permanent
wetlands, where both active and passive microwave data are affected by the presence of surface water bodies.
Despite regional differences shown in Figure 1, the general positive correlation between the two types of data
again confirms the broad consistency between 𝜎0- and VOD-based estimates. Nevertheless, the estimated
isohydry/anisohydry has noticeable variations among different land cover types. The isohydry/anisohydry
indicator 𝛽 varies from the lowest mean value (0.21) in evergreen broadleaf forests (𝜎0) to the highest mean
value (0.75) in Savannas (VOD). Among the 12 land cover types, grassland, cropland, wetland, and open
shrublands consistently have the highest 𝛽 in both 𝜎0- and VOD-based estimates (Figures 3 and S8). However,
land cover types with the lowest 𝛽 are not consistent between the two estimates. For certain land cover types,
the difference between two estimates can be larger than 0.20 (e.g., evergreen broadleaf forests, deciduous
broadleaf forests, and savanna). Nevertheless, evergreen broadleaf forests and deciduous broadleaf forests
show the lowest 𝛽 in at least one of the two estimates. It should be noted that the estimates of 𝛽 vary signifi-
cantly within a specific land cover type, as also discussed in Konings and Gentine (2017). In fact, the differences
observed between land cover types reflect not only the different vegetation characteristics pertaining to
each land type but also the regional differences (e.g., in climate and species) embedded in the nonuniform
geographic distribution of each land cover class.
Comparisons of the upscaled GBIF in situ isohydry/anisohydry measure with the QuikSCAT 𝜎0- and AMSR-E
VOD-based estimates are shown in Figure 4. The GBIF estimate mainly covers the U.S. and Europe but with
fewer estimates in other parts of the world. The limited coverage is primarily constrained by the geographical
distribution of selected species. At each grid cell, the total number of occurrence records and the areal fraction
of PFT groups with isohydry/anisohydry values vary greatly (Figure S9). Both factors affect the representative-
ness of grid cell level estimates and thus should be taken into account in the comparison. For this reason, here
we only used grid cells with a relatively large number of records (>1,000) and with full PFT sampled (i.e., all
PFT groups in the grid cell have isohydry/anisohydry values) for the comparison with the 𝜎0-based (Figure 4b)
and VOD-based estimates (Figure 4c).
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Figure 3. Isohydry/anisohydry estimates between QuikSCAT V-polorization 𝜎0 and AMSR-E VOD for 12 IGBP land cover
types. In each panel, r is the Pearson correlation (asterisk denotes significance at 95%), N is the number of data points,
and x̄ and ȳ are averages of VOD- and 𝜎0-based estimates, all at 1∘ . Color shows the relative density of data points
estimated using Gaussian kernels, with higher density in red and lower density in blue. Similar figure for QuikSCAT
H-polarization 𝜎0-based estimate is provided as Figure S7.
Over the selected GBIF grid cells (mainly Western Europe), the 𝜎0-based estimates have a negative relation-
ship with GBIF (r = −0.25 for QuikSCAT V-𝜎0 and r = −0.31 for H-𝜎0), while the VOD-based estimates have a
positive relationship (r =0.43 for AMSR-E VOD in Figure 4 but a weaker r =0.12 for LPRM VOD in Figure S10).
Both the negative and positive correlations become larger in magnitude and reach higher significance levels
when more strict criteria are applied to the grid cell selection (i.e., higher threshold for the number of occur-
rence records of each grid cell, Figure S11). The negative correlation between 𝜎0-based and GBIF estimates is
unexpected, probably due to the 𝜎0 signal in Western Europe not being able to capture vegetation variability
as well as VOD (see Figure 7 in section 4). Nevertheless, this result suggests that at least over the limited GBIF
grid cells in Western Europe, the VOD-based estimate is more consistent with upscaled in situ estimates while
the 𝜎0-based estimate is not. This can be further confirmed when breaking the comparison into PFT groups.
At the individual PFT level, we observed positive correlations between VOD-based and GBIF estimates in five
out of seven PFT groups consisting of trees (conifer and broadleaf ) and herb (Figure S12), but there was only
one PFT group (broadleaf ) in the 𝜎0 results that had a positive correlation with GBIF (Figures S13 and S14).
In general, the isohydry/anisohydry estimate from VOD agrees better with GBIF in situ estimates than that
from 𝜎0. However, the results of this comparison should be interpreted with caution, because the 102 species
used to produce the isohydry/anisohydry upscaled map may be insufficient to fully represent ecosystem-scale
information at the coarse grid scale (1∘), and their occurrence in the GBIF database could be biased, with
limited spatial coverage.
The indirect validation results provide positive evidence to support a reasonable estimate of isohydry/
anisohydry from QuikSCAT 𝜎0 and AMSR-E VOD. The 𝜎0 results (Figure 5a) show that the variability of daytime
vegetation water content (represented by afternoon𝜎0) explained by environmental fluctuations (R2) increases
along the estimated continuum from isohydry to anisohydry. The VOD results also show an increasingly larger
variability in daytime vegetation water content (represented by midday VOD) explained by environmental
LI ET AL. ESTIMATE GLOBAL ECOSYSTEM ISOHYDRY/ANISOHYDRY 3313
Journal of Geophysical Research: Biogeosciences 10.1002/2017JG003958
Figure 4. Comparison of satellite isohydry/anisohydry estimates (𝛽) with upscaled in situ measures. (a) In situ isohydry/
anisohydry measurements of 102 species from (Martínez-Vilalta et al., 2014) are upscaled to 1∘ resolution based on
species occurrence records from the GBIF database and MODIS land cover data (see supporting information; hereafter
GBIF estimate). (b) Scatterplot between GBIF and QuikSCAT V-polarization 𝜎0-based estimates. (c) Scatterplot between
GBIF and AMSR-E VOD-based estimates (from the UMT algorithm). In Figures 4b and 4c, only data points of GBIF
estimates with species occurrence records >1,000 and full PFT sampled are shown to ensure their representativeness at
the ecosystem level. r is the Pearson correlation (asterisk denote significant at 95%), and N is the number of data points.
fluctuations toward anisohydry (when 𝛽 > 0.35) (Figure 5b). These validation results are generally consistent
with our prior knowledge that vegetation water content of anisohydric plants tracks environmental fluctu-
ations more closely than isohydric counterparts. However, the specific patterns of 𝜎0 and VOD are not the
same and neither of them show a monotonic increase over the full isohydry/anisohydry range but with some
bumps and dips at certain 𝛽 ranges. For example, the variance explained by PCA1+2 can decrease along the
isohydry/anisohydry gradient when 𝛽 is below 0.35 for VOD and when 𝛽 is between 0.55 and 0.75 or greater
than 0.95 for the 𝜎0-based estimate. The drop in R2 can also be found in the indirect validation results broken
into land cover types (Figures 5c and 5d). It seems that the drop in R2 with the increasing 𝛽 in the 𝜎0-based
estimate (0.55<𝛽<0.75) is more land cover-type dependent, while the drop in VOD-based estimate (𝛽 <0.35)
is uniform across all land cover types. These results indicate that despite the overall positive relationship,
there are noticeable regional differences between 𝜎0- and VOD-based estimates, which means that the same
𝛽 range may not always correspond to the same region. For example, the spatial range of 𝛽 < 0.35 given by
VOD includes a much smaller area in the Amazon than the 𝜎0-based estimate and a large area in the northern
high latitude where 𝜎0-based estimate gives much higher 𝛽 .
4. Discussion
The degree of isohydry/anisohydry estimated from microwave satellite data demonstrates a feasible new way
of estimating ecosystem level information about the stringency of regulation of plant water status, which
is difficult to obtain with traditional methods. The estimated isohydry/anisohydry here should not be inter-
preted as a constant but rather as a mean state over a relatively long time period (10 years in this study),
as seasonal variations like phenology may have been included in the estimation. In reality, plant isohydry/
LI ET AL. ESTIMATE GLOBAL ECOSYSTEM ISOHYDRY/ANISOHYDRY 3314
Journal of Geophysical Research: Biogeosciences 10.1002/2017JG003958
Figure 5. Temporal variability of daytime (a) QuikSCAT V-polarization 𝜎0 and (b) AMSR-E VOD explained by
environmental fluctuations (R2) along their estimated isohydry/anisohydry gradient (𝛽). Environmental condition is
represented by the first (PCA1) and second (PCA2) leading principal components of the PCA performed on monthly
mean temperature, vapor pressure deficit, precipitation, and surface shortwave radiation. R2 indicates how much
variability of 𝜎0 or VOD can be explained by the PCA (%). Each data point represents the average R2 for the
corresponding isohydry/anisohydry bin at a width of 0.1. (c, d) PCA1+2 decomposed of 12 IGBP land cover types. Land
cover type abbreviations: 1, evergreen needleleaf forest (ENF); 2, evergreen broadleaf forest (EBF); 3, deciduous
needleleaf forest (DNF); 4, deciduous broadleaf forest (DBF); 5, mixed forest (MF); 7, open shrublands (OS); 8, woody
savannas (WSav); 9, Savannas (Sav); 10, grasslands(Gr); 11, Permanent wetlands (Wet); 12, croplands (Crop); 14,
cropland/natural vegetation mosaic (CVm).
anisohydry behavior is much more complicated than that represented by the metric 𝛽 (equation (1)). It is
known that some plants can even switch between isohydric and anisohydric behaviors based on environmen-
tal conditions (Domec & Johnson, 2012; Schultz, 2003) and can exhibit seasonal changes (Konings & Gentine,
2017). These dynamics could potentially be captured by our methodology utilizing continuous observa-
tions of microwave satellite data over a long time span combined from various microwave sensors such as
QuikSCAT, ASCAT, RapidSCAT, AMSR-E, and AMSR-2.
Despite these encouraging findings, remotely sensed isohydry/anisohydry contains a number of important
uncertainties resulting from both methodology and satellite data that can serve as avenues for future research.
First, the methodology for estimating isohydry/anisohydry employed here is based on several assumptions
introduced by Martínez-Vilalta et al. (2014) in their water potential framework and by Konings and Gentine
(2017) in the adaptation of satellite data. These important assumptions include (A1) the steady state condi-
tion at daily to seasonal timescales (i.e., water transport through the xylem is balanced with leaf transpiration
losses, without considering capacitance), (A2) a linear relationship between midday and predawn plant water
potentials, (A3) soil and plant water potentials that are in equilibrium in the predawn or nighttime satellite
overpass time, and (A4) a linear relationship between the water status measurement (𝜎0 or VOD) and water
potential. In most cases, these are reasonable assumptions. As discussed in Martínez-Vilalta et al. (2014): A1 is
a reasonable first approximation and is consistent with previous studies. The linear function in A2 has been
tested and reveals that the linear relationship can give a better fit and greater explained variance compared
to nonlinear functions (Martínez-Vilalta et al., 2014). A3 and A4 can cause some errors to the estimate of 𝛽 as
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Figure 6. The uncertainty range of the (a) QuikSCAT 𝜎0-based, (b) AMSR-E VOD-based isohydry/anisohydry estimates, and (c) their correlations as a function
of vegetated season length. The uncertainty range in Figures 6a and 6b is represented by the confidence interval (CI) range of 𝛽 in the regression estimates at
95% significance level. The boxplot shows the CI range of isohydry/anisohydry estimates across different vegetated season lengths (unit in month). Figure 6c
shows the spatial correlation (r in blue) between 𝜎0-based and VOD-based isohydry/anisohydry estimates across vegetated season length. Correlation is
calculated using a subset of grids that have the vegetated season longer than the threshold shown on the x axis at 1∘, and the dashed line (red) shows the
sample number of grid cells. Correlation values significant at 95% are shown in circle.
discussed in Konings and Gentine (2017). For A3, the impact of satellite overpass time on the deviation of
predawn condition would not be possible to quantify without field measurements or satellite data over a
complete diel cycle, but it can be expected that the timing of AMSR-E observations may lead to potential over-
estimation (i.e., anisohydric bias) due to the incomplete rehydration at the time of the nighttime (1:30 a.m.)
satellite retrieval relative to predawn conditions (also related to A1). For A4, the relative error of the linear
relationship on 𝛽 is small in most cases, except for very dry conditions under which an overestimation of
daytime leaf water potential and thus an anisohydric bias could occur (Konings & Gentine, 2017). Nonetheless,
uncertainties related to all of these assumptions warrant further investigation.
Second, the definition and quantification of isohydry/anisohydry have been elusive in the literature, and there
are alternative metrics to represent the degree of isohydry/anisohydry, ranging from the use of particular
water potential values (Meinzer et al., 2009; Skelton et al., 2015) to regression slopes (e.g., Martínez-Vilalta &
Garcia-Forner, 2016; Meinzer et al., 2016) or hydroscape area defined by multiple regression lines (Meinzer
et al., 2016). The use of different isohydry/anisohydry metrics could result in different rankings of species
in their isohydry/anisohydry characterization (Martínez-Vilalta & Garcia-Forner, 2016; Meinzer et al., 2016).
Among others, the slope metric is more suitable for satellite-based applications because by definition it is
derived from the simple relationship between diurnal changes, which is less dependent on water potential
per se, while other metrics are specifically designed based certain features of the water potential measure-
ments (e.g., a threshold or enveloped area). It can thus be estimated even when the quantitative relationship
between vegetation water content and water potential is unknown.
Third, the spatially varying vegetated season (similar to growing season) affects the uncertainty of the
isohydry/anisohydry estimate, especially at high latitudes. This is because vegetated season determines the
time period during which the estimation of 𝛽 is made and therefore the number of applicable data points.
The short vegetated season in the northern high latitudes limits the number of data points available for esti-
mating 𝛽 (Figure S1), resulting in a larger confidence interval (CI) range in this region relative to other parts
of the world (Figure S5). This can be seen in Figure 6a where a longer vegetated season is associated with a
reduced CI range in the estimated 𝛽 for both QuikSCAT𝜎0 and AMSR-E VOD. Also, as the vegetated season gets
longer, the spatial correlation between 𝜎0- and VOD-based estimates increases as well, from 0.30 (>1 month)
to maximum value of 0.50 (>8 month). Vegetated season length contributes to the larger uncertainty of
isohydry/anisohydry estimates over the high latitudes.
Fourth, although both backscatter 𝜎0 from QuikSCAT and VOD from AMSR-E can reflect vegetation charac-
teristics and are sensitive to vegetation water content (Jones et al., 2011; Steele-Dunne et al., 2012), they
are different physical quantities, retrieved at different band frequencies, using different techniques, and with
different overpass times, so that the information carried is likely to differ. The different measurement frequen-
cies of 𝜎0 (Ku-band, 13.4 GHz) and VOD (X-band at 10.7 GHz), though similar, may still affect their penetration
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Figure 7. Temporal correlations between time series of AVHRR NDVI and (a) QuikSCAT morning 𝜎0, (c) evening 𝜎0, (b) AMSR-E midday VOD, and (d) midnight VOD
during the vegetated season of 𝜎0 for 1999–2009 and VOD for 2002–2011. The correlation is calculated from the half-monthly time series at 0.25∘ resolution.
capabilities, as well as sensitivities to canopy structure and soil moisture (Guan et al., 2013; Saatchi et al., 2013).
While the VOD retrievals isolate the influence of vegetation water content from that of soil moisture, the
backscattering coefficients represent the effect of both soil moisture and vegetation (Hardin & Jackson, 2003;
Schroeder et al., 2016). The soil moisture component of the Ku-band 𝜎0 and the residual signal in VOD might
still be significant in regions of low vegetation cover or with significant gaps between vegetation patches,
such as semiarid grasslands and shrublands, where seasonal variability in vegetation growth and soil moisture
is correlated (which is also the rationale for using the EVI threshold to filter out these situations; Frolking et al.,
2005). These might be some of the primary reasons to explain the divergence between 𝜎0- and VOD-based
estimates, but further investigation is needed to find and quantify the exact causes. Improved algorithms
for retrieving canopy water content from multipolarization backscatter would be helpful to this problem.
One potential uncertainty concerning the backscatter signal is the influence of different overpass times
(Paget et al., 2016). To test this influence, we utilized another satellite backscatter data set OSCAT (2009–2013)
also at Ku-band but having a different overpass time of 12:00 a.m./p.m. The resulting isohydry/anisohydry
pattern from OSCAT is more similar to QuikSCAT 𝜎0-based (spatial correlation, r: 0.39–0.70) than to AMSR-E
VOD-based estimates (r: 0.00–0.14) (Table S2). This suggests that overpass time is unlikely to be the main
reason for the difference between 𝜎0- and VOD-based estimates, which is promising for the ability to generate
long-term records by combining different low-Earth orbit Ku-band sensors with different overpass times.
Finally, the bias, error, and inconsistency in the microwave satellite data can affect the estimation of isohydry/
anisohydry. Both 𝜎0 and VOD retrievals may show variable sensitivities and biases that are reflected in
isohydry/anisohydry patterns. The 𝜎0 response is sensitive to vegetation canopy structure, which may vary
with diurnal and seasonal water stress (Saatchi et al., 2013). The VOD retrieval uncertainty is proportional to
canopy biomass and may vary with phenological stage, and diurnal changes in surface temperature (Jones
et al., 2011). In addition, both 𝜎0 and VOD are sensitive to open water, snow cover, and freeze-thaw state
variations (Jones et al., 2011; Kimball et al., 2004), particularly at high latitudes. These factors can affect the
ability of 𝜎0 and VOD signals to capture vegetation variability and thereby the estimation of isohydry/
anisohydry. Figure 7 shows the temporal correlation between diurnal 𝜎0/VOD signals and AVHRR NDVI
(Normalized difference vegetation index is used to represent vegetation dynamics, obtained from https://
ecocast.arc.nasa.gov/data/pub/gimms/3g.v1/) during the vegetated season. It seems that diurnal𝜎0 and VOD
can capture well vegetation dynamics in most parts of the world, as indicated by their high positive correla-
tion values with NDVI. However, there are discrepancies in many areas, where the correlation is either negative
or has a diurnally inconsistent sign, which may suggest problematic vegetation signals in 𝜎0 and VOD time
series. For example, in the eastern U.S., the diurnal AMSR-E VOD time series have negative correlations with
NDVI (Figures 7b and 7d; see also (Jones et al., 2011) with EVI), which may reflect an artifact in the VOD retrieval
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in eastern deciduous broadleaf forest regions (Jones et al., 2012), whereas in the same region the diurnal
QuikSCAT 𝜎0 still has strong positive correlations with NDVI (see also (Frolking et al., 2006) with EVI). Moreover,
there is a large area in the northern high latitudes where the diurnal VOD signals have an inconsistent sign in
the correlation with NDVI: negative for midday but positive for midnight (Figures 7b and 7d). These inconsis-
tency issues could be the reason for the much lower 𝛽 in the VOD estimates (i.e., isohydric bias) in the eastern
U.S. and northern high latitudes compared to the 𝜎0 estimates (Figure 1). Similar issues can be found for 𝜎0 in
Europe (Figures 7a and 7c) where the diurnal𝜎0 time series have negative correlations with NDVI, in contrast to
the strong positive correlations observed for VOD. This might be the cause for the negative correlation in the
direct validation results of the 𝜎0-based estimate with the upscaled in situ estimates since the GBIF validation
data were mainly derived from Europe (Figure 4). The isohydry/anisohydry estimates based on two different
VOD data sets show much lower correlation than expected in lower latitude regions (Figure 2), suggest-
ing that different retrieval algorithms (UMT versus LPRM) for the same variable can produce inconsistencies,
most likely related to the inversion of both vegetation and soil moisture at once so that the signal can be
polluted by soil moisture or because the scattering albedo may not correctly be estimated based on a sin-
gle measurement (Konings et al., 2016; Konings, Piles, et al., 2017). Such inconsistency issues are not rare in
remote sensing; alternative retrievals for variables such as soil moisture (Scipal et al., 2008) and leaf area index
(Jiang et al., 2017) sometimes exhibit inconsistent behaviors. All of these uncertainties arising from microwave
satellite data can be propagated to the results and thus contribute to regional divergence in 𝜎0- and VOD-
based estimates.
Satellite estimates of isohydry/anisohydry provide useful information about plant water regulation at the
ecosystem level as the aggregation of individual species that could exhibit different behaviors (Skelton et al.,
2015). It also has direct implications for ecological processes related to plant water use and drought response
strategies (Novick et al., 2016). These observations can help us understand the differences in the drought-
induced photosynthesis reduction between isohydric and anisohydric ecosystems (Roman et al., 2015), as
well as their different sensitivities to environmental factors such as vapor pressure deficit and soil moisture
(Konings, Williams, et al., 2017). In addition, there is recent evidence suggesting that besides stomatal
behavior, plant isohydry may also be an outcome of other plant traits such as rooting depth and thus
should be treated as a whole plant property with respect to plant water regulation status (Martínez-Vilalta &
Garcia-Forner, 2016). This suggests that isohydry/anisohydry carries the integrated information of plant water
regulation, and the ecosystem level isohydry/anisohydry thus has the promise to provide large-scale con-
straints on water cycling in ecosystems and upscaling of plant level processes that could greatly improve their
prediction and mechanistic representation in ecosystem models.
5. Conclusions
In this study, we used diurnal observations from active (QuikSCAT backscatter) and passive (AMSR-E VOD)
microwave remote sensing data to estimate ecosystem isohydry/anisohydry, which is unavailable using tra-
ditional physiological methods. The degree of isohydry/anisohydry estimated from QuikSCAT 𝜎0 and AMSR-E
VOD exhibits similar spatial patterns at low and middle latitudes but diverges at high latitudes. The direct
validation with in situ measures and indirect validation based on prior knowledge provide additional evidence
for a reasonable estimate of isohydry/anisohydry from the two independent satellite data records. However,
discrepancies between the 𝜎0- and VOD-based estimates at high latitude and other regions suggest large
uncertainties in the estimates. These uncertainties could arise from a number of methodology-related factors
(e.g., isohydry/anisohydry metrics and their assumptions, vegetated season length) and satellite data-related
factors (e.g., bias and error in the microwave retrieval) with the latter having been found here to be a
primary cause of the discrepancies between the satellite-based isohydry/anisohydry estimates. To improve
the robustness of the estimates, several issues related to remote sensing data should be addressed in the
future, including a better understanding of the representation of vegetation in microwave remote sensing
(active versus passive), reducing uncertainties in the variable retrieval through refined algorithms, and cross
validating isohydry/anisohydry estimates from independent microwave remote sensing data. To better val-
idate the ecosystem level satellite estimates, a larger database of in situ measurements covering a broader
range of species and locations would reduce the bias in upscaling and alleviate the scale mismatch between
the plant and ecosystem level observations. Remote sensing estimation of isohydry/anisohydry is a novel and
multidisciplinary topic, integrating other fields such as plant physiology and hydrology. It has great potential
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to address ecohydrological problems such as plant water use and drought response (e.g., Konings, Williams,
et al., 2017) and also provide large-scale constraints on ecosystem level water regulation that are useful
for ecosystem models. These multidisciplinary efforts can deepen our understanding of the large-scale
implications of isohydry/anisohydry.
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